Epithelial-to-mesenchymal transition (EMT) is a fundamental cellular process and plays an essential role in development, tissue regeneration, and cancer metastasis. Interestingly, EMT is not a binary process but instead proceeds with multiple partial intermediate states. However, the functions of these intermediate states are not fully understood. Here, we focus on a general question about how the number of partial EMT states affects cell transformation. First, by fitting a hidden Markov model of EMT with experimental data, we propose a statistical mechanism for EMT in which many unobservable microstates may exist within one of the observable macrostates. Furthermore, we find that increasing the number of intermediate states can accelerate the EMT process and that adding parallel paths or transition layers accelerates the process even further. Last, a stabilized intermediate state traps cells in one partial EMT state. This work advances our understanding of the dynamics and functions of EMT plasticity during cancer metastasis.
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Fig. 1B (left), this system can be represented with a metaphorical three-well landscape 49 in one dimension along the mesenchymal marker (M-Marker) axis. Each well represents 50 a stable cell phenotype and the transitions among them are indicated with arrows. accuracy (Fig. 1C ). With this model, the transition from the partial EMT state to the 65 mesenchymal state shows a quicker dynamic than the observed data. Thus, this model 66 is not a good representation of the EMT process at the population level. 67 To find out the underlying mechanism for the observed dynamics, we extend the 68 simple model by adding several microstates for each cell macrostate (Fig. 1D ) by 69 assuming that some unmeasured variables can further distinguish the epithelial state 70 and partial EMT state into several microstates, with the epithelial and partial EMT 71 states being the macrostates used in describing the overall EMT process. While we do 72 not know the actual number of the epithelial and partial EMT microstates (N E and N P , 73 respectively), a fitting of the extended model is done with all the combinations of N E , 74 N P , and k (Fig. 1E ) by assuming an equal transition rate from one state to the 75 following state (k). According the fitting score (root mean squared error), the best fit is 76 located when N E = 5 and N P = 5 (square in Fig. 1E ). The best fitting shown in Fig. 
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1F shows the optimal conditions in which our model reproduces the EMT dynamics at 78 the population level with better accuracy than that of the assumption of only one 79 microstate in both the epithelial and partial EMT states. These results suggest that 80 EMT is a non-Markov process with many hidden epithelial microstates and partial 81 EMT microstates, which could further be distinguished by measuring other variables in 82 the system. 83 This conclusion is further confirmed with a stochastic model to demonstrate the 84 evolution of cell transitions in these microstates (see the method for details). Fig. 1G 85 shows 100 typical simulated stochastic trajectories of cells to complete the EMT process. 86 With all cells beginning in the epithelial state, prominent cell-to-cell variation is shown 87 in the time it takes a cell to convert to different microstates, indicating unsynchronized 88 transition at the single cell level. At the population level, the statistic results with 89 10,000 simulated cells shows the dynamics of the distribution of cells in the microstates 90 (Fig. 1H) . Few reach the mesenchymal state (red bar) by day two. However, most cells 91 will reach the final EMT state by day four. This is also consistent with the 92 experimental data [6] (Fig. S1A ). Furthermore, fitting the experimental data with a Our analysis with a Markov model for EMT at the population level based on the 100 experimental data of MCF10A cells suggests that multiple microstates exist in each 101 macrostate during the EMT process. However, the number of microstates and 102 macrostates can be cell-type specific. Two questions arise concerning whether and how 103 the number of microstates affect EMT dynamics. For simplification of discussion, we the EMT continuum [44] . This assumption is also consistent with the cascading bistable 115 switches mechanism in which EMT proceeds through step-wise activation of multiple 116 feedback loops [5, 6, 9, 45] . The cells need to change the profiles of gene expression to 117 make the full EMT transition. Under this assumption with one intermediate state, the 118 cells can make changes on the expression of some genes as the first step for a partial 119 transition, and then make changes on the rest of the genes for the second step to 120 complete the transition. The profiles of the genes that control the eukaryotic cell 121 phenotypes are usually sophisticated by positive feedback loops to avoid undesired 122 random phenotype switching from noises or short pulse stimulus. These feedback loops 123 can be mutual inhibitions between two groups, one of them controls cell phenotype one 124 while the other group controls cell phenotype two. Thus, the cell fate transitions 125 through EMT intermediate states are analogous to crossing a series of energy barrier 126 which are controlled by these positive feedback loops.
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First, we systematically study how the EMT process changes with fixed ∆E and the 128 number of intermediate states, N int . The distributions of the first-arrival time (FAT), 129 defined as the time the cells take to arrive to the mesenchymal state, is used to measure 130 how fast the EMT process is. As shown in Fig. 2B , with increase of N int , the FAT 131 distribution first shifts to the left and then to the right, becoming increasingly more 132 narrow. To see this affect more clearly, we further calculate the mean first arrival time 133 (MFAT) and find a nonmonotonic dependence of MFAT on N int (Fig. 2C ). As N int 134 increases, the MFAT first shows a rapid decrease. However, after a certain N int , the 135 MFAT begins to slowly increase again. These data suggests that the partial 136 intermediated states have a potential function of accelerating the EMT process.
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Furthermore, we analyze how ∆E affects the EMT process. Shown in Fig. 2C , the 138 MFAT displays the same nonmonotonic pattern for three different ∆E values, although 139 the position of the minimum varies. At these minimum points, the EMT process is 140 completed the fastest. This interesting phenomena is further confirmed by the analysis 141 of the MFAT in the space of ∆E and N int (Fig. 2D ). The same trend of MFAT can be 142 observed for all ∆E > 2 (threshold shown by the dash line). This result suggests that 143 EMT process is not continuous process but proceeds with finite number of discrete 144 microstates.
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For the ∆E lower than the threshold, MFAT constantly increases with N int (Fig.   146 2D). The distribution of the first-arrival time for one case with small ∆E is shown in 147 Fig. S1B. One can see that the transition time is already very small in this case and 148 that increasing intermediate states barely increases the transition rate for each step, 149 thus causing more time to complete full EMT. This is largely not the case for the EMT 150 process in a real system, as the minimal MFAT is less than one day, but it demonstrates 151 the underlying mechanism of the nonmonotonic dependence of MFAT on N int . That is, 152 increasing N int after the minimum does not help to increase the transition rate for each 153 step, it just increases the steps. Thus, there is a trade-off to accelerate EMT through 154 increasing the number of intermediate states. range of ∆E values between the two white dashed lines ( Fig. 3C ), it is nonmonotonic as 187 exemplified in Fig. 3D (red curve). The nonmonotonic dependence of MFAT on N int 188 can change depending on N pth (Fig. S3 ). For N pth = 1, MFAT shows a nonmonotonic 189 dependence on N int , the same as Fig. 2C . However, the position of the minimum shifts 190 to the right as N pth is increased to 2∼3. The nonlinearity is then lost with a continuous 191 increase of N pth . The minimum of MFAT decreases monotonically with the increase of 192 N int . In order to maintain this dynamics, the number of parallel paths must also 193 increase with N int (Fig. 3E ). That is, increasing N pth makes the dependence of MFAT 194 on N int more monotonically decreasing. These data suggest that increasing both N int 195 and N pth together accelerates the EMT process. 196 We have now discussed the scenarios in which there is only one path and multiple 197 paths in parallel and found that increasing the number of the intermediate states or 198 parallel paths could accelerate the EMT process. Here, another scenario is considered 199 by assuming that the epithelial cell has to pass a fixed number of intermediate states to 200 become mesenchymal. In other words, the epithelial cell must pass N ly of layers to 201 become mesenchymal ( Fig. 4A ). This is similar to the parallel paths scenario but has 202 one difference. It is possible that two paths converge at one intermediate state in the 203 layered scenario. Here, the transition rates in all steps are the same, which depends on 204 the number of layers N ly .
205
Similar to the parallel path scenario, the first-arrival time distribution depends on 206 ∆E (Fig. 4B ). If ∆E is small, the FAT distribution shifts to the right with increase of 207 N ly (Fig. 4B, left exemplified by the three cases in Fig. 4D . Similar to the parallel path scenario, the 216 r 1, 2019 5/26 minimum of MFAT decreases monotonically with N int as long as more layers are 217 provided for the system with large number of N int (Fig. 4E ). This is also confirmed 218 with various values of ∆E ( Fig. 4E and Fig. S4 ).
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Taken together, adding more parallel paths or transition layers can further accelerate 220 the EMT process. In both scenarios, a nonmonotonic dependence of mean first arrival 221 time on the number of paths or layers is found. The MFAT increases with the number 222 of intermediate states after the minimal if the system only has one path, but can further 223 decrease with multiple paths or transition layers. Thus, a combination of increasing the 224 number of intermediate states and parallel paths (or transition layers) can always 225 accelerate the EMT process. We have discussed the scenarios in which the same energy barrier is considered for each 229 step during the EMT process. However, it is very possible that one of the intermediate 230 states is stabilized by specific regulators [46] , making the transition from this step more 231 difficult. Here, we consider a special scenario where one of the intermediate states is 232 more stable than the others; we call this state the "stabilized" state. As shown in Fig. 233 5A, our metaphoric landscape now has one well that is deeper than the others. In this 234 stabilized state, more energy is needed for the transition to the next state. That is, the 235 energy barrier for the transition at this step (∆E 2 ) is larger than the energy barrier for 236 other steps (∆E 1 ). Two cases are considered here: 1) ∆E 2 increases and ∆E 1 decreases 237 in order to maintain the overall energy barrier ∆E ( Fig. 5A , "constant ∆E case"), and 238 2) ∆E 2 increases as ∆E 1 remains the same to change the overall energy barrier ( Fig.   239 5A, "varying ∆E case"). Fig. 5B represents the diagram of the EMT process with one 240 stabilized state, which includes two transition rates, k 1 as the transition rate from the 241 non-stabilized states, and k 2 as the transition from the stabilized state.
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To understand the impact of a stabilized state on EMT, the distribution of cells at 243 the stabilized state and the mesenchymal state is analyzed with different ∆E 2 : ∆E 1 244 ratios ( Fig. 5C ). As the ratio increases, the dwelling time inside the stabilized state 245 grows and it takes more time to arrive to the mesenchymal state in both the constant 246 and varying ∆E cases. That is, the greater the ratio, the longer the cell stays in the 247 stabilized state, and the more time it takes to finish the EMT process. It also implies 248 that cells stay longer in the macrostate where the stabilized intermediate state belongs 249 (Fig. 5D , upper panel) and that the placement of the stabilized intermediate state 250 within this macrostate does not affect the macrostate behavior (Fig. 5D, bottom panel) . 251 The dependence of the mean dwelling time within the stabilized state and the MFAT is 252 further analyzed. As shown in Fig. 5E -F, with increase of either the ratio ∆E 2 : ∆E 1 or 253 the overall energy barrier, the mean dwelling time within the stabilized state and the 254 MFAT increase. The same dependence is found for the varying ∆E case ( Fig. ??) but 255 the scale of changes significantly increases. Another difference between two cases is the 256 reverse dependence of MFAT on ∆E 2 : ∆E 1 as shown in (Fig. ??) we have a great chance of treating cancer. Our results suggest one potential strategy 285 targeting on the EMT spectrum, i.e., reducing the number of the potential partial EMT 286 states.
287
Lastly, the existence of a stabilized state within the EMT process causes a slower 288 transition. It is reported that cells in the partial EMT state contribute more to cancer 289 metastasis than the mesenchymal state [49] . Further more, some partial EMT states [5] [6] [7] [8] [9] [10] [11] 45] . It also has been shown that removal of counteracting 296 determinants traps cell in the rare myeloid transition state [51] . Similarly, if we can 297 tune the strength of the feedback loops that are responsible for the generation of these 298 partial EMT states, the partial EMT states will destabilize and even disband. This will 299 make the first step of metastasis mediated by EMT or partial EMT more difficult and 300 thus give us more time to treat the cancer.
301
Here in this work, we did not consider the molecular mechanism of the intermediate 302 states but focused on the how the number of the intermediate states affect the EMT 303 process. Further work is needed to verify the prediction derived here and the detailed 304 molecular mechanism needs to be determined for the potential therapeutic targets. Our 305 results suggest that a small perturbation of the signaling pathway could change the 306 EMT process significantly and thus EMT-related diseases, such as cancer metastasis 307 and renal fibrosis. Our previous work on renal fibrosis suggests that knockout the EMT 308 genes might not be the optimal treatment design for acute kidney injury and long-term 309 firbrosis [41] . Thus, future works can search control strategies to slow down or 310 accelerate EMT with dynamic perturbation of the signaling pathway toward optimal 311 treatment of cancer or fibrosis. k1  k1  k1  k1  k1  k1  k1  k1  k1  k1   k2   k3   k2  k2  k2  k2   k3  k3  k3  k3  k3   k4   k4   k4   k4   k4   k4   k4   k4   k4 the transition rate for step i is k i = k 0 e −δEi where δE i is the energy barrier for this 527 step and δE i = ∆E. We considered two scenarios:
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(1) The energy is divided evenly into all the steps, then the transition rate for each 529 step is same as k i = k 0 e −∆E/(Nint+1) .
530
(2) If there is one stabilized intermediated state, where the energy barrier is 531 δE s = mδE i . We considered two cases, a) δE s + i =s δE i = ∆E. The transition rate 532 where, with k 1 as the transition rate from the epithelial state to the pEMT state, and 549 k 2 is the transition rate from the pEMT state to the mesenchymal state.
550
The equations are solved and the solution is: 551 p E (t) = e −k1t r 1, 2019 23/26
Based on a Flexible Number of Intermediate States and an Irreversible 552 EMT Process 553
The above model does not describe the experimental data well (Fig. 1C) . Thus, we 554 extended the model by considering N int + 1 microstates; this is based on an assumption 555 that each macrostate, including the epithelial state and pEMT state, consist of multiple 556 microstates. Suppose that EMT is an irreversible process where the cells transition 557 independently from one microstate to the next at the same rate k. Based on the 558 assumption that the ∆E is evenly divided into these steps, the following equations can 559 be used to represent the dynamics of the probability of the microstates: This model is used for fitting the experimental data as shown in Fig. 1F .
563
Based on a Flexible Number of Intermediate States and a Reversible EMT 564 Process 565 EMT has some probability to be reversible even under high dose of inducer TGF-β, 566 which may result from the noise in the cell or other stochasticity. We also considered a 567 case where the EMT process is reversible with the cells transitioning independently 568 between one microstate and the next at the forward rate k 1 and backward rate k −1 .
569
The following equations can be used to represent the dynamics of the probability of the 570 microstates:
This model was also used for fitting the experimental data as shown in Fig. S2C . 572 r 1, 2019 24/26
The Cases with One Stabilized State
578
For any case that has one stabilized state at S, such that 1 < S < N int + 1, the pattern 579 goes as follows:
580 P E (t) = e −k1t 581 P P1 = k 1 te −k1t 582 . . .
583
Here, the k 1 denotes the transition rate from the non-stabilized state and k 2 the 589 transition from the stabilized state. In order for the state to be stabilized as described, 590 it must be true that k 2 < k 1 .
